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Classification becomes one of the important elements in the forward scatter 
radar (FSR) micro-sensors network. This classification performance is 
dependent on the target’s profile behaviour and the network’s surrounding; 
and one of the factors that cause the reduction of classification probability is 
the presence of ground clutter. As the volume of clutter increases, their 


masking effect becomes greater and may result in more significant errors in 

target classification. Hence, to reduce misclassification in the FSR sensor 
Keywords: network, a new clutter reduction technique based on the ground clutter 
model is proposed. Simulated ground clutter is modeled based on the 
estimated signal to clutter ratio (SCR) of the received signal. The clutter 
effect is diminished by eliminating simulated like-clutter from the receiving 
signals. The result shows improvement in the classification accuracy, 
especially for the minimum value of the SCR and this new technique uses 
only one database which will shorten the processing time and reduce the 
overall database’s size. 
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1. INTRODUCTION 

The performance of forward scatter radar (FSR) for detecting and classifying ground targets (human 
and vehicles) has been a subject of investigation in recent years [1]-[12]. When a target crosses the radar 
baseline, the radio wave is partially obstructed and disturbed, resulting in a Doppler signature at the receiver. 
This signal can be used to detect targets, estimate parameters, track them, and perhaps perform automatic 
target classification (ATC). 

The FSR micro-sensors system is capable of correctly detecting and classifying ground targets, 
particularly under ideal or controlled settings [4]-[8]. Numerous algorithms for pattern recognition have been 
developed, including the K-nearest neighbour (KNN) and neural networks (NN) classifiers. In [6] 
demonstrated that by combining the output of principal component analysis (PCA) with the input of a KNN, 
the FSR classification performance above 90% accuracy even at low frequency. Following that, [10], [12] 
discussed how to improve classification performance using NN. The network’s inputs are the Z-score 
parameters such as mean and standard deviation. While in [11], the time domain signal is analysed using the 
wavelet transformation approach for the goal of identification and classification. 

The aforementioned techniques provide a strong indication of the classification system’s 
performance. Nonetheless, the classification system’s performance is influenced by the target’s profile 
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behaviour, which includes factors such as speed, crossing angles, crossing points, baseline length, and sensor 
placements, as well as the presence or absence of clutter [13], multiple targets [14] and other factors. This 
article will only discuss the effect of clutter on the FSR system and how it may be used to improve 
classification performance. 

Clutter is an undesired signal from the environment that originates either internally or externally. 
Ground clutter may be caused by vegetation, precipitation such as rain, snow, or hail, as well as interference 
and multipath caused by buildings, the ground, and the sea. The FSR micro-sensors network distributes 
sensors on the ground with a baseline length of hundreds of metres and also makes use of omnidirectional 
antennas at extremely low elevations. The existence of swinging foliage and wind-blown branches nearby 
sensors could be considered volume-distributed scatterers whenever the sensors are surrounded by 
vegetation. Due to the non-directional nature of the antennas and the lack of range resolution, clutter 
accumulated from a bigger volume. 

The impact of clutter or noise on the FSR classification systems have been studied previously [15], [16]. 
Numerous signal-to-clutter ratios (SCR) have been simulated from 0 dB to 30 dB where few possible sources 
of error were taken into accounts such as erroneously estimate the speed of the target and target spectrum’s 
shape deformation. Changes in the classification performance can be perceived as SCR level is decreased; 
which could cause false classification. It has shown almost no effect on the classification accuracy (except 
for the lowest SCR) due to speed estimation error, which exhibits the robustness of the speed estimation 
algorithm towards clutter. However, when it comes to the spectrum’s shape deformation error, the effect can be 
detected even when the clutter power is small. Based on this analysis, it can be concluded that the main source 
of error which can degrade ATC performance is due to the target’s spectrum shape deformation. By taking into 
account both sources of error at the same time, it was discovered that the classification performance declines 
dramatically for SCR below 20 dB, particularly at 64 MHz, when the classification accuracy plummeted from 
80% to almost 20%. Consequently, the clutter compensation technique has been introduced to eliminate this 
effect. Different database for a different level of clutter has been implemented. This new technique demonstrates 
some enhancements where the classification accuracy increases by 20% for SCR = 0 dB. However, this 
technique introduces a large size of the database which contributes towards longer processing time and a 
lower percentage of accuracy (less than 50%) for SCR below 15 dB. 

Hence, in this paper, a new technique is proposed which provides a promising improvement in the 
system performance while considering a more realistic solution by implementing the clutter reduction 
technique (CRT) based on the ground FSR clutter model. By using this technique, only one database which 
consists of original target signatures is used. The paper starts with describing FSR configuration and ATC, 
followed by a discussion on the ground FSR clutter model. Then, the improvement of the ATC system is 
presented and discussed including the integration of the ground FSR clutter model with clutter reduction 
technique. The final section summarizes the outline of future work in the FSR network research. 


2. RESEARCH METHOD 
2.1. Measurement setup and signal processing 

On an empty concrete field with a baseline distance of 50 m, an outdoor experiment was conducted 
to gather target signals in a clutter-free environment (assumed to have a low vegetation clutter level). 
Four continuous wave carrier frequencies are simultaneously transmitted in the very high frequency (VHF) 
(60 MHz — 150 MHz) and ultra high frequency (UHF) (400 MHz) bands. This experiment incorporated 200 
signals from four different vehicle types: vehicle 1 (4.3 m x 1.4 m, hatchback), vehicle 2 (4.4 m x 1.4 m, 
hatchback), and vehicle 3 (4.7 m x 1.9 m, sport utility vehicles (SUV)). In this research, the system’s ability 
will be evaluated to distinguish between similar vehicles, particularly when certain characteristics are present 
especially when specific applications are applied for example road statistic or automatic tolling system. 

The outdoor measurement is conducted in the manner depicted in Figure 1. The testing scenario 
begins when a target moves with a velocity described by projections v, and v,, and crosses the baseline at 
the position (0, y,) with a motion direction provided by angle. As the target approaches the baseline, the 
range between the transmitter-target (Rr) and target-receiver (Rp) fluctuates with time, resulting in a phase 
(Doppler) shift in the received signal. The received signal can be presented as: 


S(t) = At) sin[ YE] (1) 


The target signature, A(t) varies with target radar cross section (RCS), o which is entirely specified by 
the target geometrical cross-section (silhouette), propagation loss, Lr (t), Lp(t) along the transmitter-target and 
target-receiver paths. Other parameters involved in target detection are the transmit power, P, and the antenna 
gains, Gr and Gp where it remains constant. The envelope of the received signal is written as: 
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By utilising signal processing techniques, it is possible to extract important information for 
classification, such as the target’s speed and feature. When a target crosses the transmitter-receiver baseline, 
the sensors can relay the pre-detection signal to headquarters over a wireless network. The received signal 
will be processed further in the ATC algorithm block, where it will contain information on the target’s 
silhouette and speed. 

The signal that has been received passes through a process called the fourier transform (FT), which 
converts it into the frequency domain. In this domain, the spectrum displays the Doppler components that are 
present in the signal. Technically speaking, the speed of the target has an effect on the spectrum since the 
major lobe of the spectrum’s bandwidth depends on the speed v, as well as the length of the target l, and the 
equation for this is: 


Af =7 (3) 


As aresult, pre-processing of the spectrum is required before it can be used as a feature vector in the 
classification system. The target is then classified using a feature vector. The spectral feature vector obtained 
at the speed normalisation block’s output has a high degree of dimension and the features are highly linked. 
As a result, principal component analysis (PCA) is utilised to reduce the dimensionality of the data. PCA’s 
output is then used for classification, either as training or testing data. 

In general, a classification system’s standard approach is divided into two stages: training and 
testing. During the training stage, a model for each vehicle is constructed using the training data set (this is 
done using the power spectrum density (PSD) values of the entire feature vector), and during the testing 
stage, a PCA-based feature vector is extracted from an unknown received vehicle signal. However, due to the 
scarcity of data in this research, all recorded signals were employed alternately in classification trials rather 
than dividing the database into training and testing sections. To make it feasible, a leave-one-out approach 
was adopted, in which only one vehicle signal was used for testing at a time, while the remaining signals 
were used for training. 

After that, the Euclidean distance between this feature vector and all feature vectors associated with 
trained models is determined. The test data is sorted into the most prevalent class among its K-nearest 
neighbours. If the allocated group and the test data’s actual group match, the classification is termed 
successful. 


Rr 


ol 


Baseline y 


Figure 1. The outdoor measurement topology 


2.2. Errors due to the presence of clutters in FSR system 

A time-domain simulated non-stationary clutter signal is added to the received vehicle signature at 
different SCRs (from 0 dB to 30 dB, in 5 dB steps) in order to introduce the effect of clutter into the FSR system 
and ensure continuous improvement. Low SCR values are used in this research to simulate the worst-case 
scenario, particularly in the presence of natural disasters, where the clutter signal is greater than the target’s 
Doppler. The SCR is defined as the (4). 


SCR = 10 log() (4) 
Where P, and P, are the total power of the signal and total power of the clutter, respectively. 
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The clutter received signal, S(t) is a randomly generated clutter received signal which is generated 
by employing the clutter simulation model described in [17]-[19]. The signal is then bypassing a white 
Gaussian noise through a low-pass filter with a cut-off frequency that varies depending on the frequency 
being used; this generates simulated clutter which is similar to the measured clutter spectrum. The simulated 
cluttered received signal, S,,(t) is given by (5). 


Ses{t) = 5,(t) + Sa(t) (5) 


Where S,.(t) is the received signal from target detection in section 2.1, (1). 

As mentioned earlier, the presence of clutter in the target’s signal introduces two possible sources of 
error in the ATC system: error due to speed estimation and error due to signature deformation. The speed 
estimation error is the inaccuracy caused by the speed estimation algorithm estimating the speed incorrectly. 
In the real world, a cluttered received signal is used to determine the target’s speed and as an input to the 
classification process. As previously stated, the bandwidth of the spectrum’s main lobe Af is dependent on 
the speed v and the length of the target 1; consequently, when the speed normalisation method is applied, the 
spectrum may not be appropriately rescaled due to the erroneous ratio between the estimated and reference 
speeds. Clutter level diverges with the surroundings. As the clutter level varies, the amplitude of the signal 
fluctuates and the shape of the signal distorts which introduces signature deformation error. As the SCR level 
lowers, the PCA components for each type of target become more spread out, resulting in increased overlap across 
the various targets. This leads to a decrease in classification performance. The reader is prompted at [18], [20] 
for more technical information on the subject matters. 


2.3. CRT based on ground fsr clutter model 

Any classification system’s performance rapidly declines as the discrepancy between training and 
test conditions increases. Numerous efforts have been made to correct for the effect of noise in a variety of 
domains of pattern recognition, including automatic voice recognition. Numerous methods for minimizing 
the influence of noise have been proposed, including filtering prior to classification [20], [21], model-based 
noise compensation [22], [23], noise-resistant feature extraction [24], and numerical simulation [25]. 

This article proposed a novel technique for compensating for clutter that is based on the FSR ground 
clutter model. After receiving the cluttered received signal, it is necessary to acquire an estimate of the noisy 
conditions. The ratio of signal to clutter energy, SCR, is determined using (4). As illustrated in Figure 2, 
the energy of the clutter is then evaluated using signal samples taken before and after the target signal is 
identified. 

Another set of random clutter is simulated using the clutter modelling parameters [17], [19]. 
The clutter power level P,.. is modified in accordance with the computed SCR and signal power of the 
received clutter signal acquired in the preceding step. The simulated clutter signal S,.(t) is then subtracted 
from the cluttered received signal, where the subtracted clutter signal S,.(t) is defined as: 


Ssc(t) = Scs(t) — Se2 (t) (6) 


Ssc(t) is then run through a bandpass filter to remove any leftover noise and smooth the signal 
before continuing with the classification procedure. The denoised signal, Sp, is the result of this procedure. 
Figure 2 illustrates the time-domain signals for the original, cluttered, and denoised signals. 
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Figure 2. Target signals: original, with O dB clutter and after denoising process 
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Simultaneously, the target’s speed is measured and the denoised data is converted to the power 
spectrum. Prior to further processing, the feature that contains enough information to discriminate between 
distinct classes and is as noise-resistant as possible is chosen. The frequency range of the spectrum is 
determined using knowledge about the signal’s and clutter’s qualities. It is well established that clutter is 
concentrated in the low frequency region of the spectrum between 0.5 Hz and 1 Hz of the Doppler band, but 
the target signature may occupy a broad Doppler range. 

Additionally, to the preceding approach, there is no requirement to assess the complete spectrum of the 
target for ATC purposes. This is because the difference between different sorts of targets is visible only at the 
power spectrum’s highest point, which is within 20 dB of its maximum value of 0 dB; roughly 0.5 Hz — 7 Hz 
(depends on the carrier frequency). As a result of this information, the extremely low and very high frequency 
bands of the spectrum are omitted from the subsequent stages of feature extraction. As a result, the 
classification system receives as input only the highlighted portion of the signal spectrum. 


3. RESULTS AND ANALYSIS 

Four different vehicle signals at 3 different frequencies are utilised to determine the efficacy of the 
clutter reduction strategy based on the clutter model. Previously, the clutter-reduction technique is based on 
several SCR databases is applied. In this study, a single database with SCR = 30 dB (original measured 
signal) is used, but other parameters such as the number of k for KNN and the number of PCAs (nPCA) stay 
constant (k = 3 and nPCA = 3). 

Plots of data from various SCR levels are made against this database. PCA plots for SCR = 0 dB and 
SCR = 30 dB are shown in Figure 3(a) and Figure 3(b). The figures demonstrate that, with the exception of a 
few outliers, the positions of both SCRs data are highly correlated. This discrepancy could be explained by 
residual clutter in the signal, particularly at SCR = 0 dB. 
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Figure 3. PCA plots for a different level of SCRs after clutter reduction technique at frequency 151 MHz when 
(a) SCR 0 dB and (b) SCR 30 dB, (notation: vehicle 1 (V), vehicle 2 (0), vehicle 3 (O), and vehicle 4 (+)) 


Table 1(a), Table 1(b), and Table 1(c) compare the percentage of correctly classified instances for 
four different types of vehicles at three different frequencies and with varying SCR levels. The tabulated 
statistics demonstrate the classifications’ exceptional accuracy, particularly for vehicle 4, where 100% 
classification was achieved at 151 MHz. This is clearly related to vehicle 4’s physical shape, which is larger 
and has more defined edges (rectangular shape) than other cars. Apart from that, for SCR values more than 
20 dB, the results indicate a high degree of classification accuracy, except for vehicle 1 at 64 MHz and 
vehicle 3 at 434 MHz. This is because the design and dimensions of both vehicles are close to those of 
vehicle 2, and hence both were incorrectly classed as vehicle 2. While 434 MHz should theoretically provide 
a larger radar cross-section and more frequency information about the target signal, and 64 MHz should 
provide lesser propagation loss and clutter, what is fascinating about this data is that 151 MHz performs the 
best of these frequencies. This could be because 151 MHz has less propagation loss/clutter than 434 MHz 
and more frequency information than 64 MHz. Thus, 151 MHz is the optimal frequency because it 
compromises betweem 64 MHz and 434 MHz. 
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Table 1. Vehicle classification confusion matrices at (a) 64 MHz, (b) 151 MHz, and (c) 434 MHz 
Vehicle classification confusion matrices SCR Vehicle 1 Vehicle2 Vehicle3 Vehicle 4 


(a) 64MHz 0 55 98 69 84 
5 75 98 86 84 
10 80 98 86 96 
15 83 98 88 96 
20 83 98 88 96 
25 83 98 90 96 
30 83 98 90 96 
(b) 151 MHz 0 60 82 63 68 
5 85 90 63 88 
10 83 92 82 92 
15 88 92 84 96 
20 93 92 88 96 
25 93 92 88 96 
30 93 92 88 96 
(c) 434 MHz 0 73 96 90 92 
5 88 98 92 98 
10 88 98 94 100 
15 93 98 94 100 
20 93 98 94 100 
25 93 98 94 100 
30 93 98 94 100 


Figure 4 depicts the average percentage of classification accuracy using automatic target 
classification-clutter compensation (ATC-CC), with ATC-CC and CRT at different frequencies. As can be seen 
from the graph, classification performance improves as the SCR increases. Interestingly, the clutter reduction 
strategy significantly improves the classification accuracy of 64 MHz, particularly for SCR = 0 dB — 5 dB, 
where accuracy increases by more than 50% and continues to improve as SCR grows. As the graph indicates, 
the same performance is observed at 151 MHz and 434 MHz. However, for SCR values more than 20 dB at 
151 MHz, when the clutter impact is negligible, the result indicated that improved performance can be 
observed without using CRT. This is due to the fact that the database was not corrupted by simulated clutter. 
Additionally, as compared to other frequencies, 151 MHz strikes a balance between clutter and data gathered 
from the target signature. Overall, these results indicate that an increase in classification accuracy of at least 
30% is possible for signal-to-noise ratio (SNR) less than 10 dB at all frequencies. 

Additionally, the CRT based on the FSR ground clutter model outperforms the clutter compensation 
(ATC-CC) model. As demonstrated in the graph, with SCR = 0 dB, a greater than 30% improvement in 
accuracy can be observed at all frequencies for CRTs with a percentage of accuracy greater than 68%. CRT 
performance improves as the number of SCR grows, reaching 90% accuracy for SCR greater than 15 dB. 
Interestingly, both approaches operate comparably well at 151 MHz, as the SCR is greater than 20 dB. 
However, at other frequencies, the FSR ground clutter model CRT outperforms ATC-CC. Overall, our results 
demonstrate that CRT significantly improves classification of ground vehicles, even those with similar 
shapes and dimensions and operating at varying frequencies, without requiring a large database. 
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Figure 4. Comparison of classification accuracy before and after the use of ATC-CC, as well as between 
ATC-CC and CRT 
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4. CONCLUSION 

This paper presents a novel technique for decluttering based on the clutter model. The results 
demonstrate the technique’s efficacy in a cluttered FSR environment. Even when the power clutter is 
identical to the strength of the vehicle’s signal with SCR equal to 0, the minimum classification accuracy is 
around 70%. Clutter reduction techniques based on the FSR clutter model can help reduce overall processing 
time and database size. Additionally, regardless of the amount of clutter in the signal, the system can be 
automatically adjusted to the present condition, which minimises the system’s complexity indirectly. For future 
work, other clutter reduction approaches or classification strategies can be investigated to increase the ATC 
system’s performance when there is a high level of clutter in the surrounding. 
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